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Abstract

Public multi-omics resources have made in silico cancer research a

powerful approach for biomarker discovery, molecular stratification, pathway

analysis, and therapeutic target prioritization. However, their value depends

not only on data availability but also on the structured selection, retrieval, and

integration of appropriate databases across multiple biological layers. This

review provides an overview of the major public databases and analytical

tools used in cancer data retrieval, interpretation, and translational inference.

Genomics resources, including GenBank, Ensembl, gnomAD, dbSNP, COSMIC,

ClinVar, dbVar, the GDC Portal, GeneCards, and the UCSC Genome Browser,

support sequence retrieval, genome annotation, population filtering, somatic

mutation analysis, and clinical variant interpretation. Transcriptomics

databases, such as GEO, GTEx, TCGA, GENT2, SRA, Single Cell Expression

Atlas, NONCODE, miRBase, Expression Atlas, FANTOM5, and BioGPS, enable

tumor-normal comparison, expression profiling, regulatory RNA investigation,

and cellular-resolution analysis. Proteomics databases extend interpretation

to protein identity, abundance, interactions, and structural context, while

metabolomics and pathway resources support biochemical and pathway-level

analysis. DepMap adds a functional layer through cancer dependency and

gene-essentiality data, strengthening target discovery and vulnerability

assessment. Database Commons is highlighted as a useful meta-resource for

database discovery. Collectively, these platforms support a stepwise

framework for building evidence in computational oncology and translational

decision-making.
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INTRODUCTION
Cancer is increasingly recognized as a

systems-level disease driven by coordinated

disturbances across multiple molecular layers,

including genomic variation, transcriptional

dysregulation, proteomic remodeling, and

metabolic reprogramming . This molecular

complexity underlies the marked

heterogeneity observed among tumor types,

between patients with the same

histopathologic diagnosis, and even among

cellular subpopulations within an individual

tumor. As a result, contemporary oncology has

moved beyond single-marker investigation

toward multi-omics research, in which disease

mechanisms are explored through integrated

evidence derived from DNA, RNA, proteins,

metabolites, and functionally relevant cellular

dependencies . Large international efforts

have accelerated this transition by generating

standardized cancer datasets across multiple

platforms and by making them publicly

available for secondary analysis, thereby

establishing in silico investigation as a central

component of modern cancer research.

In parallel with the expansion of high-
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throughput sequencing, expression profiling,

mass spectrometry, and pathway-mapping

technologies, biological databases have

become a fundamental infrastructure for

discovery . These resources no longer

function merely as storage repositories;

instead, they serve as analytical entry points

through which researchers retrieve, compare,

filter, and contextualize cancer-relevant

molecular information . However, the rapid

growth in the number, specialization, and

heterogeneity of public databases has

introduced a new challenge. Investigators

must now determine not only what type of

data is needed, but also which resources are

most appropriate for obtaining that evidence

and how information from distinct repositories

should be connected in a biologically

meaningful way . Thus, the central problem in

in silico cancer research is no longer simply

data availability, but the structured discovery,

retrieval, and interpretation of data across

multiple omics layers.

This challenge makes database

discovery a critical first step in computational

oncology. Before a researcher can assess

somatic mutation recurrence, tumor-specific

gene expression, protein abundance, pathway

dysregulation, or therapeutic relevance, the

broader database landscape must first be

identified . In this context, Database

Commons

(https://ngdc.cncb.ac.cn/databasecommons/)

occupies an important methodological

position. It serves as a curated catalog of

biological databases that facilitates discovery

of relevant resources according to category,

data type, and biological scope, and is

therefore especially useful at the gateway

stage of in silico study design rather than

within any single omics layer. Its role is

particularly valuable in cancer bioinformatics,

where genomic, transcriptomic, proteomic,

metabolomic, and clinical evidence are

distributed across many specialized

repositories .

An additional development in this

evolving landscape is the growing importance

of functional dependency resources,

particularly DepMap

(https://depmap.org/portal/). Unlike

databases that primarily describe molecular

alterations or expression states, DepMap is

designed to help researchers identify cancer

vulnerabilities by providing open access to

dependency data, analytical tools, and

visualization resources across large panels of

cancer cell lines. Its Achilles component

systematically catalogs gene essentiality

using genome-scale RNAi and CRISPR-Cas9

loss-of-function screens and links these

dependencies to the molecular features of

cancer cells, thereby supporting target

prioritization and vulnerability mapping in

precision oncology. In this sense, DepMap

extends the logic of multi-omics investigation

by adding a functional dimension that can

help determine whether an altered gene or

pathway is not only biologically relevant, but

also selectively required for tumor survival .

Against this background, the present

review focuses on the practical and

conceptual framework of in silico cancer data

retrieval. It begins broadly by situating cancer

as a multi-layered molecular disease and

public databases as essential research

infrastructure. It then narrows toward the

methodological core of the topic, namely how

major resources are organized across

genomics, transcriptomics, proteomics,

metabolomics, interaction biology, pathway

analysis, and clinical or functional
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interpretation, what each database

contributes, and how these resources can be

used in a stepwise retrieval and data-mining

workflow. Finally, it widens again toward the

broader implications of structured multi-omics

and functional-data integration for biomarker

discovery, mechanistic inference, target

prioritization, and translational oncology. The

database framework examined in this review

is based on the current manuscript inventory,

which collectively covers major repositories

and analytical tools across the principal

domains relevant to in silico cancer research.

Within the genomic layer, resources such as

GenBank, Ensembl, gnomAD, the 1000

Genomes Project, dbSNP, COSMIC, the GDC

Portal, GeneCards, ClinVar, dbVar, and the

UCSC Genome Browser support sequence

retrieval, genome annotation, background

variation filtering, somatic mutation

interpretation, and clinical or structural variant

assessment. Transcriptomic resources,

including GEO, GTEx, TCGA, GENT2, SRA,

Single Cell Expression Atlas, NONCODE,

miRBase, Expression Atlas, FANTOM5, and

BioGPS, extend this framework toward bulk

expression analysis, healthy-tissue

comparison, raw RNA-seq reanalysis,

regulatory RNA exploration, and cellular

heterogeneity. Proteomics resources such as

UniProt, Human Protein Atlas, PRIDE,

MassIVE, PeptideAtlas, STRING, PDB,

ProteomicsDB, neXtProt, PaxDB, and CORUM

provide the means to examine protein identity,

abundance, interaction networks, structural

context, and experimental validation.

Metabolomics databases, including KEGG,

HMDB, Reactome, PubChem, PathWhiz,

MetaboLights, and SMPDB, widen biological

interpretation by connecting molecular

alterations to pathway-level and biochemical

consequences. Clinical and translational

resources such as TCGA, ICGC, OncoKB,

CIViC, cBioPortal, ClinicalTrials.gov, and SEER,

together with functional platforms such as

DepMap, further strengthen this ecosystem by

linking molecular findings to therapeutic

evidence, clinical outcomes, and cancer

dependencies. Figure 1 provides an overview

of the major public database categories used

in in silico cancer research.

The main objective of this review is

therefore not simply to enumerate databases,

but to reframe them as components of a

coherent evidence-building pathway. In a

robust in silico cancer workflow, genomic

repositories define alteration, transcriptomic

repositories evaluate activity, proteomic

repositories assess functional embodiment,

metabolomic and pathway repositories reveal

systems-level consequence, and clinical and

functional resources help determine

translational and therapeutic relevance. By

describing these resources within a unified

analytical structure, this review aims to clarify

how database discovery, data retrieval, cross-

omics interpretation, and dependency-

informed prioritization can be organized into a

reproducible and biologically meaningful

strategy for computational oncology.

DATABASE DISCOVERY BEFORE DATABASE
RETRIEVAL

A critical but frequently underexplained

stage in in silico cancer research is database

discovery. Before investigators retrieve any

sequence, expression profile, protein record,

or metabolite map, they must first determine

which database type is appropriate for the

biological question under investigation. This

step is methodologically important because

cancer bioinformatics operates across

multiple data layers, each of which is

supported by repositories with different

scopes, structures, and intended uses . A
9
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resource designed for population-scale variant

frequency, for example, does not serve the

same purpose as a tumor-centered mutation

archive, an RNA expression repository, a

proteomics experiment database, or a

pathway knowledgebase . Therefore, rigorous

in silico study design begins not with

downloading data, but with identifying the

correct database class and then selecting the

most suitable repository within that class.

Figure 1. Public database landscape for in silico cancer research. Major resources are grouped into genomics,

trantranscriptomic, proteomic, and metabolomic analysis, and concludes with cross-omicshow different

database classes contribute complementary layers of molecular information.

Within this context, Database Commons

occupies a distinct and valuable role. It should

not be regarded as a primary omics repository

in the same sense as GenBank, GEO, PRIDE, or

KEGG. Rather, Database Commons is a

curated catalog of worldwide biological

databases that was developed to provide a

broad landscape of biological data resources

and to enable users to discover databases

according to factors such as database name,

category, data type, species, institution, and

subject area. The official Database Commons

resource describes itself as a manually

curated and regularly enriched catalog, while

its companion publication emphasizes that it

was created to organize biological databases

globally and make their associated meta-

information easier to retrieve and compare.

This makes Database Commons especially

useful at the pre-retrieval stage of cancer

bioinformatics, when the investigator is still

mapping the database ecosystem and

deciding where the most relevant evidence is

likely to be found .
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The relevance of database discovery is

particularly evident in oncology because

cancer-related evidence is inherently

distributed across multiple molecular

domains. A researcher studying a candidate

cancer gene may need one resource to define

genomic coordinates and transcript models,

another to assess allele frequency in reference

populations, another to examine somatic

mutation recurrence in tumors, another to

compare tumor and normal expression, and

additional repositories to evaluate protein

abundance, interaction networks, or metabolic

pathway consequences . Without an explicit

discovery step, this process becomes

fragmented and potentially biased, as

investigators may default to familiar resources

while overlooking more appropriate or higher-

quality databases. Database Commons helps

reduce that risk by functioning as a meta-
resource that supports rational repository

selection before primary data mining begins .

From a workflow perspective, database

discovery should therefore be treated as the

gateway between the initial research question

and the subsequent stages of data retrieval,

quality filtering, and integrative analysis. In a

well-designed in silico cancer study, the

sequence begins with clarification of the

biological problem, proceeds to database

discovery and classification, and only then

advances toward omics-specific dataset

acquisition . In this review, Database

Commons is positioned precisely at that

gateway stage. It provides the conceptual

bridge between the broad public data

landscape and the narrower operational phase

of database querying, thereby fitting naturally

within the hourglass model of writing and

study design. After this discovery phase,

investigators can move more systematically

into genomics, transcriptomics, proteomics,

and metabolomics repositories with a clearer

rationale and a more reproducible retrieval

strategy.

GENOMICS DATABASES in CANCER DATA
RETRIEVAL
Genomics Databases

Genomics represents the foundational

layer of in silico cancer research because many

oncogenic processes originate from DNA-level

abnormalities, including single-nucleotide

substitutions, small insertions and deletions,

copy-number changes, and larger structural

rearrangements. For this reason, genomic

data retrieval is usually the first analytical

stage in computational oncology. However,

genomic investigation is not supported by a

single universal repository . Instead, it

depends on a set of complementary

databases, each serving a distinct function in

sequence retrieval, genome annotation,

population filtering, somatic mutation

interpretation, clinical classification,

structural-variant assessment, or locus

visualization. A rigorous cancer bioinformatics

workflow should therefore treat these

databases not as interchangeable resources,

but as sequential components of an evidence-

building system .

GenBank serves as the primary entry

point for sequence-centered investigations. As

the largest public repository of DNA

sequences submitted by research laboratories

worldwide, it provides direct access to

nucleotide records that are essential for basic

sequence retrieval, reference comparison,

accession-based confirmation, and

preliminary molecular characterization. In

cancer studies, GenBank is especially useful

when investigators need canonical sequence

records for a target gene, genomic fragment,

or transcript before moving into downstream
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annotation or mutation analysis. It functions

best as a foundational archive: it defines what

the sequence is, where it can be retrieved, and

which molecular record is being analyzed .

Ensembl builds upon this sequence

foundation by supplying a far richer

annotation environment. Whereas GenBank

primarily supports sequence access, Ensembl

provides genome annotation, gene models,

transcript structures, comparative genomics,

and visualization tools across multiple

species. In practical cancer bioinformatics,

Ensembl is critical when researchers need to

determine exon–intron organization, transcript

isoforms, chromosomal location, or conserved

genomic features. It is also particularly

valuable for aligning a candidate gene with its

broader genomic architecture, thereby

allowing mutations or expression changes to

be interpreted in the context of known

biological structure .

gnomAD is central to the population-

filtering step of genomic interpretation. Its

major value lies in aggregating large-scale

human genetic variation data and enabling the

study of allele frequencies across populations.

This function is indispensable in cancer

bioinformatics because a candidate variant

observed in a tumor cannot be interpreted

meaningfully unless it is distinguished from

common background variation. A variant that

occurs frequently in the general population is

less likely to represent a high-priority cancer

driver, whereas a rare variant or one absent

from reference populations may warrant

deeper functional or clinical investigation.

Thus, gnomAD acts as a critical filter between

raw variant observation and cancer-specific

interpretation .

The 1000 Genomes Project

complements gnomAD by providing a

reference dataset of human genetic variation

derived from diverse global populations. Its

importance lies in the breadth of population

representation and its continued value as a

comparative framework for human

polymorphism. In the context of cancer

studies, this resource helps researchers

evaluate whether a detected alteration reflects

common human diversity or may instead

represent a rarer genomic event with stronger

disease relevance. While gnomAD is often

used for large-scale allele-frequency filtering,

the 1000 Genomes Project provides an

additional population-genetic reference that

strengthens background comparison and

reduces the risk of overinterpreting naturally

occurring variants as tumor-specific findings .

dbSNP remains one of the most

important repositories for single nucleotide

polymorphisms and other small genetic

variants. Its particular importance lies in

standardization, identifier tracking, and broad

catalog coverage. In cancer data retrieval,

dbSNP is useful when investigators need to

determine whether a variant has been

previously registered, whether a recognized

identifier exists for that change, and whether

the observed variant belongs to the wider

universe of known human small-scale

genomic variation. Although dbSNP does not

by itself establish oncogenic importance, it is

an essential reference layer in the chain of

variant characterization .

COSMIC occupies a uniquely important

role in cancer genomics because it is explicitly

focused on somatic mutations in human

cancer. Unlike population repositories,

COSMIC is designed to answer whether a

mutation, gene, or genomic region has already

been implicated in tumor biology. Its

usefulness lies in recurrence mapping, cancer-
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type association, and somatic mutation

cataloging. In a professional in silico cancer

workflow, COSMIC is often the point at which

a filtered variant begins to acquire true

oncologic context. If a rare alteration also

appears recurrently in tumor datasets

cataloged by COSMIC, its potential biological

significance increases substantially .

The GDC Portal extends cancer

genomics beyond mutation listing by providing

access to integrated cancer genomic datasets

that include sequencing data as well as

clinical information. This makes it particularly

valuable for studies that do not stop at variant

discovery but aim to connect genomic

abnormalities to patient-level or tumor-level

features. In practice, the GDC Portal is one of

the most important translational resources in

the genomics layer because it links molecular

data to clinical context, thereby allowing

investigators to move from descriptive

mutation mining toward clinically informed

cancer interpretation .

GeneCards serves a different but equally

useful purpose. Rather than functioning as a

raw-data repository, it is a comprehensive

gene-centered knowledgebase that brings

together gene function, expression, and

disease associations. Its strength lies in

integration. When a cancer study begins with a

candidate gene rather than a specific variant,

GeneCards helps the researcher quickly

assemble a functional profile of that gene,

including its biological roles, related diseases,

and expression context. In this sense,

GeneCards often acts as the conceptual

bridge between sequence-level information

and broader biological interpretation .

ClinVar is essential when variant

interpretation moves into the clinical domain.

It contains information on the relationship

between genetic variants and their clinical

significance, making it especially relevant

when a mutation is suspected to have

diagnostic, prognostic, or pathogenic value. In

cancer data retrieval, ClinVar helps determine

whether a variant has already been clinically

evaluated and whether any interpretive

consensus exists around its medical

relevance. Although not every tumor-

associated variant is represented in ClinVar, its

presence can significantly strengthen the

translational relevance of a candidate

genomic alteration . 

dbVar adds the large-scale structural

dimension to cancer genomics. Many tumors

are not defined only by small variants, but also

by deletions, duplications, and other structural

rearrangements that can profoundly alter gene

dosage and genomic architecture. dbVar is

important because it specifically catalogs

these large-scale genomic changes. In a

comprehensive cancer bioinformatics

workflow, it helps ensure that the investigator

does not restrict genomic interpretation only

to SNPs and indels, but also considers

structural events that may be central to tumor

biology .

Finally, the UCSC Genome Browser

provides the interactive visualization layer that

ties the genomic framework together. Its

major importance lies in allowing researchers

to explore genomic loci with annotations,

comparative information, and integrated

tracks. Rather than viewing a candidate

alteration as a single isolated data point,

investigators can use the UCSC Genome

Browser to examine the surrounding gene

context, structural features, and relevant

annotations. This makes it a critical interpretive
endpoint in genomic data retrieval, where results

are contextualized within broader genome . The
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major genomics databases used in in silico cancer research are summarized in Table 1.

Table 1. Genomics databases for in silico cancer data retrieval

Database Description Link

GenBank Largest public database of DNA sequences submitted
from worldwide research laboratories; used for
sequence storage and retrieval.

https://www.ncbi.nlm.nih.gov/genbank/

Ensembl Provides genome annotation, gene models,
comparative genomics, and visualization tools for
multiple species.

https://www.ensembl.org

gnomAD Aggregates large-scale human genetic variation data to
study population-level allele frequencies.

https://gnomad.broadinstitute.org

1000 Genomes
Project

Provides a reference dataset of human genetic variation
from diverse global populations.

https://www.internationalgenome.org

dbSNP Repository of single nucleotide polymorphisms and
small genetic variations.

https://www.ncbi.nlm.nih.gov/snp/

COSMIC Catalog of somatic mutations in human cancer. https://cancer.sanger.ac.uk/cosmic

GDC Portal Provides cancer genomic datasets including
sequencing and clinical data.

https://portal.gdc.cancer.gov

GeneCards Comprehensive database providing gene function,
expression, and disease associations.

https://www.genecards.org

ClinVar Contains relationships between genetic variants and
clinical significance.

https://www.ncbi.nlm.nih.gov/clinvar/

dbVar Database for large-scale structural genomic variations
such as deletions and duplications.

https://www.ncbi.nlm.nih.gov/dbvar/

UCSC Genome
Browser

Interactive platform for exploring genomes with
annotations and comparative data.

https://genome.ucsc.edu

Collectively, these databases constitute a

genomics ecosystem that is structured and

nonredundant, with the purpose of retrieving

cancer data. GenBank and Ensembl define the

sequence and genomic structure; gnomAD,

the 1000 Genomes Project, and dbSNP filter

and contextualize background variation;

COSMIC and the GDC Portal establish cancer-

specific relevance; GeneCards links genes to

function and disease; ClinVar and dbVar refine

clinical and structural interpretation; and the

UCSC Genome Browser provides an annotated

visualization platform. Used sequentially, they

allow the researcher to move from a raw

genomic query to a biologically and clinically

grounded cancer interpretation.

Genomics Tools
Genomics tools are essential for

transforming raw sequence data into

interpretable evidence that can support

cancer-related discovery and variant

characterization. In this context, GeneMANIA

is useful for gene-function prediction and

gene–gene interaction analysis, allowing

candidate genes to be placed within a broader

functional and network-based context.  Basic

Local Alignment Search Tool (BLAST) remains

a foundational sequence-analysis tool

because it identifies sequence similarity

between DNA or protein sequences and is

widely used for sequence confirmation,

homology assessment, and reference
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comparison.  MutaGene adds a more cancer-

specific layer of interpretation by enabling

analysis of somatic mutation patterns,

mutational signatures, and the distinction

between likely driver and passenger variants in

tumor genomes. For read-mapping workflows,

BWA and Bowtie2 are widely used to align

short sequencing reads to a reference

genome, thereby forming the basis for

downstream genomic analysis.  GATK then

provides a major variant-discovery framework,

particularly for SNP and indel detection, and is

one of the most important tools in cancer

genomics pipelines.  Finally, Integrative

Genomics Viewer (IGV) functions as an

interactive genomic visualization platform that

allows researchers to inspect alignments,

variants, and genomic features directly, which

is particularly valuable for quality control and

result interpretation . The core genomics

analytical tools used for sequence analysis

and variant interpretation are listed in Table 2.

Table 2. Genomics tools for cancer sequence analysis and variant interpretation

Tools Description Link

GeneMANIA Gene function prediction and gene–gene interaction
network analysis tool

https://genemania.org

BLAST Identifies sequence similarity between DNA/protein
sequences using alignment search

https://blast.ncbi.nlm.nih.gov/Blast.cgi

MutaGene Web-based bioinformatics platform used to analyze
cancer mutational signatures, study somatic mutation
patterns, and distinguish driver vs passenger mutations in
tumor genomes

https://www.ncbi.nlm.nih.gov/research

BWA Aligns short DNA sequencing reads to a reference genome https://bio-bwa.sourceforge.net

GATK Toolkit for variant discovery (SNPs and indels) from
sequencing data

https://gatk.broadinstitute.org

Bowtie2 Fast and memory-efficient alignment of sequencing reads
to reference genomes

http://bowtie-bio.sourceforge.net/bowtie2

IGV Interactive tool for visualization of genomic data such as
alignments and variants

https://igv.org

TRANSCRIPTOMICS DATABASES and TOOLS in
CANCER DATA RETRIEVAL
Transcriptomics Databases

Transcriptomics occupies a central

position in in silico cancer research because it

provides direct insight into the functional

consequences of genomic change. While

genomics identifies the underlying molecular

substrate of cancer, transcriptomics reveals

which genes, transcripts, and regulatory RNAs

are actively expressed, suppressed, or altered

across tumor states . In cancer data retrieval,

transcriptomic databases are therefore

indispensable for defining tumor-associated

expression signatures, comparing malignant

and non-malignant tissues, investigating

regulatory RNA biology, and exploring cellular

heterogeneity within the tumor

microenvironment. The transcriptomics

resources in your attached framework are not

redundant; rather, each database contributes a

distinct layer of evidence and should be used

according to its specific strength within the

analytical workflow .

Gene Expression Omnibus (GEO) is one

of the most important public repositories for

transcriptomic studies because it stores gene-

expression datasets generated from both
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microarray and RNA-seq experiments. Its

importance lies in breadth and reusability.

GEO allows researchers to access published

expression studies across many cancer types,

platforms, and experimental designs, making

it highly valuable for secondary analysis,

comparative expression studies, and

validation of candidate biomarkers in

independent cohorts. In practical cancer

bioinformatics, GEO is often one of the first

resources consulted when the objective is to

identify whether a gene or transcript is

consistently dysregulated across multiple

tumor studies .

Genotype-Tissue Expression (GTEx) is

particularly important because it provides

tissue-specific gene-expression profiles in

healthy human tissues. Its value in cancer

transcriptomics lies in its function as a normal

reference framework. Tumor expression data

alone may show that a transcript is highly

abundant, but such abundance cannot be

interpreted as abnormal unless it is compared

against healthy tissue baselines. GTEx

therefore plays a critical comparative role by

helping investigators distinguish genuine

tumor-associated dysregulation from

physiologic tissue-specific expression. In

many cancer studies, GTEx is essential for

adding biological context and for preventing

overinterpretation of tumor-only

observations .

The Cancer Genome Atlas (TCGA) is one

of the most influential resources in

transcriptomic oncology because it provides

large-scale cancer genomics and

transcriptomics datasets that are linked to

clinical and molecular annotations. Its

particular importance lies in the depth of

cancer-specific coverage. Unlike broader

public repositories, TCGA is specifically

structured around tumor cohorts, which

makes it exceptionally useful for identifying

cancer-associated expression patterns,

comparing subtypes, relating transcripts to

clinical outcome, and integrating RNA data

with genomic alterations. In cancer data

retrieval, TCGA often serves as the principal

source for tumor-centered transcriptomic

discovery .

GENT2 is a cancer-focused gene

expression database that allows users to

compare gene expression between normal

and tumor tissues using uniformly processed

public microarray datasets. It is especially

useful for validating candidate genes,

examining tissue- and subtype-specific

expression patterns, and exploring possible

clinical relevance through integrated survival

analysis features. For in silico cancer research,

GENT2 provides a convenient bridge between

large public expression datasets and practical

biological interpretation .

Sequence Read Archive (SRA) is crucial

because it stores raw high-throughput

sequencing data, including RNA-seq datasets.

Its importance differs from that of GEO or

TCGA: rather than functioning primarily as a

curated expression repository, SRA supports

reanalysis from raw data. This makes it

particularly valuable for researchers who need

to apply standardized pipelines, perform

custom alignment and quantification, or verify

published findings independently. In

transcriptomic cancer research, SRA provides

methodological flexibility and supports

reproducibility by allowing investigators to

begin from the original sequencing reads

rather than relying only on processed

outputs .

Single Cell Expression Atlas has become

increasingly important in cancer research
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because it provides single-cell RNA

sequencing data across multiple species and

conditions. Its main contribution is cellular

resolution. Bulk transcriptomic datasets

average signals across many cells, which can

obscure tumor heterogeneity, immune

infiltration, stromal contributions, and rare

malignant subpopulations. By contrast, single-

cell datasets allow investigators to ask which

specific cell populations express a transcript

of interest and how transcriptional states vary

within the tumor ecosystem. This makes

Single Cell Expression Atlas particularly

valuable for modern cancer studies focused

on microenvironmental biology, lineage

tracing, and intratumoral diversity .

NONCODE is an important database

because it specializes in non-coding RNA

sequences and annotations. Its significance

lies in expanding transcriptomic analysis

beyond protein-coding genes. In cancer

biology, long non-coding RNAs and other non-

coding transcripts are increasingly recognized

as regulators of proliferation, invasion,

metastasis, immune escape, and therapy

response. NONCODE therefore provides a

dedicated resource for identifying and

contextualizing non-coding RNA candidates

that may be missed in more gene-centered or

protein-oriented repositories. In transcriptomic

cancer retrieval, it is especially useful when

the study objective includes regulatory RNA

mechanisms rather than only coding-gene

expression .

miRBase is the principal repository in this

framework for microRNA sequences and

annotation. Its importance lies in the fact that

microRNAs are major post-transcriptional

regulators of gene expression and play well-

established roles in tumor initiation,

progression, metastasis, and resistance. In in

silico cancer data retrieval, miRBase is

essential for identifying microRNA entities

accurately, standardizing nomenclature, and

connecting sequence information to

downstream functional interpretation. When

cancer studies investigate regulatory networks

or non-coding RNA biomarkers, miRBase

provides a critical reference layer .

Expression Atlas provides gene and

transcript expression data across tissues,

species, and conditions, and its value lies in

broad comparative context. Whereas TCGA is

strongly cancer-centered and GTEx is focused

on healthy tissue reference, Expression Atlas

allows investigators to place a transcript

within a wider expression landscape. This is

useful when evaluating whether a gene is

condition-specific, broadly expressed, or

selectively altered in particular biological

states. In cancer transcriptomics, Expression

Atlas strengthens interpretation by helping

researchers compare tumor-associated

signals against a wider universe of biological

expression profiles .

FANTOM5 is especially important

because it extends transcriptomic analysis

beyond conventional gene expression and

incorporates functional annotation of

mammalian genomes, including promoter and

enhancer RNA expression. Its significance lies

in regulatory interpretation. Cancer is often

driven not only by changes in transcript

abundance, but also by altered promoter

usage, enhancer activation, and transcriptional

control landscapes. FANTOM5 therefore

becomes particularly valuable in studies that

seek to understand transcriptional regulation

at a deeper mechanistic level, especially when

the research question involves promoter

activity, enhancer-associated transcription, or

non-canonical regulatory elements .
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Table 3. Transcriptomics databases for in silico cancer data retrieval

Database Description Link

GEO (Gene Expression
Omnibus)

Public repository of gene expression data from
microarray and RNA-seq experiments

https://www.ncbi.nlm.nih.gov/geo/

GTEx (Genotype-Tissue
Expression)

Provides tissue-specific gene expression profiles
in humans

https://gtexportal.org

TCGA (The Cancer
Genome Atlas)

Large-scale cancer genomics and transcriptomics
dataset

https://www.cancer.gov/ccg/research/geno
me-sequencing/tcga

GENT2 A platform for exploring Gene Expression patterns
across Normal and Tumor tissues

http://gent2.appex.kr/

SRA (Sequence Read
Archive)

Raw high-throughput sequencing data including
RNA-seq datasets

https://www.ncbi.nlm.nih.gov/sra

Single Cell Expression
Atlas

Single-cell RNA sequencing data across multiple
species and conditions

https://www.ebi.ac.uk/gxa/sc/home

NONCODE Database of non-coding RNA sequences and
annotations

http://www.noncode.org

miRBase Repository for microRNA sequences and
annotation

https://www.mirbase.org

Expression Atlas Provides gene and transcript expression across
species, tissues, and conditions

https://www.ebi.ac.uk/gxa/home

FANTOM5 Functional annotation of mammalian genome
including promoter and enhancer RNA expression

https://fantom.gsc.riken.jp/5/

BioGPS Gene annotation and expression portal for
multiple organisms

http://biogps.org

BioGPS serves as a gene annotation and

expression portal across multiple organisms

and contributes a flexible exploratory

dimension to transcriptomic data retrieval. Its

importance lies in accessibility and breadth.

BioGPS allows rapid interrogation of gene-

expression patterns across different tissues

and systems, which is useful when

researchers want an initial overview of where

and how strongly a gene is expressed before

moving into more specialized cancer-focused

analyses. In this sense, BioGPS often

functions as a supportive exploratory tool that

complements more disease-specific

repositories such as TCGA and GEO . The

principal transcriptomics databases used in

cancer data retrieval are presented in Table 3.

Taken together, these transcriptomics

databases form a layered and highly

complementary framework for cancer data

retrieval. GEO and TCGA provide major tumor-

expression resources; GTEx supplies healthy

tissue context; SRA enables raw-data

reanalysis; Single Cell Expression Atlas

resolves cellular heterogeneity; NONCODE and

miRBase expand the analysis into regulatory

RNA biology; Expression Atlas and BioGPS

add broad comparative context; and

FANTOM5 deepens regulatory interpretation.

Used sequentially and critically, these

databases allow investigators to move from

general transcript identification to biologically

and clinically meaningful expression analysis

in cancer. Figure 2 shows how genomic

findings can be progressively strengthened

through transcriptomic validation in cancer

studies.
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Figure 2. Genomics-to-transcriptomics evidence-building framework. The workflow progresses from gene and

sequence definition to population filtering, cancer-specific genomic interpretation, and transcriptomic

validation using complementary public resources.

Transcriptomics Tools
Transcriptomics tools are central to the

analysis of RNA-derived data in cancer

research because they enable the

identification of transcriptional changes

associated with tumor biology. STAR is a high-

performance RNA-seq aligner that supports

splice-junction detection and is therefore

especially well suited for transcriptome

mapping  . StringTie complements alignment

by assembling transcripts and estimating

transcript abundance, making it highly useful

for transcript-level characterization and

downstream expression analysis.  For

statistical analysis of gene-expression

differences, Limma, edgeR, and DESeq2

represent the core analytical tools in many

cancer transcriptomics studies. Limma is

particularly valuable for microarray data and

adapted RNA-seq workflows,  while edgeR

and DESeq2 are specifically optimized for

count-based RNA-seq data and provide robust

models for detecting differentially expressed

genes. Together, these tools form an integrated
analytical framework for alignment,
quantification, and statistical evaluation of
cancer-associated transcriptomic changes. The
main transcriptomics tools for cancer expression
analysis are summarized in Table 4.

Table 4. Transcriptomics tools for cancer expression analysis

Tools Description Link

STAR Ultra-fast alignment of RNA-seq reads to reference
genome with splice-junction detection

https://github.com/alexdobin/STAR

StringTie Assembles transcripts and estimates their abundance
from RNA-seq data

https://ccb.jhu.edu/software/stringtie/

Limma Statistical tool for differential expression analysis
(microarray and RNA-seq)

https://bioconductor.org/packages/release/bioc/ht
ml/limma.html

edgeR Performs differential gene expression analysis using
count-based RNA-seq data

https://bioconductor.org/packages/release/bioc/ht
ml/edgeR.html

DESeq2 Identifies differentially expressed genes using negative
binomial statistical models

https://bioconductor.org/packages/release/bioc/ht
ml/DESeq2.html

44

45

46

47



Rahman A. & Hamza H. OncoIntelligence Journal

50OncoIntelligence Journal. 2026, 1(1): 37-74

PROTEOMICS DATABASES and TOOLS in
CANCER DATA RETRIEVAL
Proteomics Databases

Proteomics provides a critical

interpretive layer in in silico cancer research

because it connects upstream molecular

abnormalities to their functional biological

products. Although genomic and

transcriptomic analyses can identify candidate

genes and dysregulated transcripts, these

alterations do not always translate directly

into corresponding protein abundance,

localization, interaction behavior, or structural

consequence . For this reason, proteomics

databases are indispensable in cancer data

retrieval, particularly when the objective is to

validate biomarker candidates, investigate

tumor-associated protein expression, explore

interaction networks, or understand structural

and functional mechanisms at the protein

level. The proteomics resources listed in your

attached framework are highly

complementary, and each database

contributes a distinct form of evidence that

strengthens cancer-related interpretation .

UniProt is the principal foundational

database in the proteomics layer. Its

importance lies in the breadth and depth of

protein-centered information that it provides,

including protein sequence, molecular

function, domain architecture, catalytic

activity, subcellular localization, and curated

biological annotation. In cancer data retrieval,

UniProt is often the first resource used to

define the protein product of a candidate

gene, clarify isoforms, and interpret its known

functional roles. It is especially valuable when

researchers need a reliable reference point

before moving toward tissue expression,

pathway integration, or protein interaction

analysis. In this sense, UniProt serves as the

core descriptive and functional

knowledgebase for protein identity in

computational oncology .

Human Protein Atlas is particularly

important because it extends protein analysis

into tissue and cellular context. Its main value

lies in mapping protein expression across

human tissues, cells, and organs, thereby

allowing researchers to determine where a

protein is normally present and whether its

distribution appears altered in disease

settings. In cancer studies, this database is

especially useful for evaluating tissue-specific

protein abundance, examining tumor-

associated overexpression, and comparing

normal and malignant protein patterns. While

UniProt defines what a protein is, Human

Protein Atlas helps clarify where that protein is

biologically relevant. This makes it one of the

most useful translational bridges between

computational findings and tissue-level cancer

biology .

The PRoteomics IDEntifications (PRIDE)

database Archive is a major repository for

public mass spectrometry-based proteomics

data and is particularly important for

experimental validation and dataset reuse. In

in silico cancer research, its value lies in

providing access to previously generated

proteomics experiments that can be

reanalyzed or mined for protein-level

confirmation. If a transcriptomic analysis

suggests that a candidate gene is upregulated

in tumors, PRIDE can be used to determine

whether corresponding protein evidence is

available in public mass spectrometry

datasets. Thus, PRIDE is highly relevant when

investigators want to move beyond

knowledge-level annotation and toward

experimental proteomic support .

MassIVE plays a similar role to PRIDE,

but its strength lies in serving as a large-scale
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repository for proteomics mass spectrometry

data, often supporting deep experimental

archives and large datasets. Its importance in

cancer bioinformatics lies in data accessibility

and scalability. For studies that aim to validate

proteomic signatures across multiple datasets

or perform broad secondary analyses of

public mass spectrometry experiments,

MassIVE offers an important source of

reusable evidence. It strengthens the

proteomics layer by ensuring that

experimental cancer proteomics data remain

computationally accessible for independent

interrogation.

PeptideAtlas is valuable because it

focuses specifically on identified peptides and

proteins derived from mass spectrometry

experiments. Its importance lies in the

peptide-level evidence it provides for protein

existence and detectability. In cancer data

retrieval, PeptideAtlas can help confirm

whether the peptides corresponding to a

protein of interest have been experimentally

observed, which is especially useful in

biomarker discovery and targeted proteomics

planning. Compared with broader protein

databases, PeptideAtlas offers a more

experimentally anchored view of protein

identification .

STRING is one of the most important

resources for moving from individual proteins

to functional network biology. Its principal

value lies in protein–protein interaction

analysis and the identification of functional

associations. Cancer is rarely driven by

isolated proteins acting alone; instead, tumor

biology emerges through pathways,

complexes, and interaction networks. STRING

is therefore highly useful when a researcher

needs to determine whether a candidate

protein interacts with established oncogenic

pathways, whether it occupies a central

position in signaling networks, or whether

multiple cancer-associated proteins converge

within a shared functional module. In

proteomics-based cancer mining, STRING

transforms protein lists into biologically

interpretable systems .

Protein Data Bank (PDB) adds a

structural dimension that is especially

important in mechanistic cancer research. Its

role lies to provide three-dimensional

structural data for proteins and other

biomolecules. In practical terms, PDB is

essential when the significance of a cancer-

associated mutation or protein alteration

depends on its possible structural

consequences, such as altered binding,

folding instability, or disruption of catalytic

sites. Structural evidence can greatly

strengthen the plausibility of a candidate

driver event, particularly when sequence-level

or expression-level changes need mechanistic

support. Thus, PDB moves proteomics

interpretation from expression and annotation

toward structural biology and molecular

mechanism .

ProteomicsDB is important because it

integrates human proteome expression and

quantification data, thereby providing a

quantitative view of protein abundance. In

cancer data retrieval, this database is useful

when investigators want to evaluate how

strongly a protein is expressed across tissues

or conditions and whether abundance

patterns support tumor-associated

interpretation. Its particular strength lies in

linking proteomics evidence with broader

expression trends, making it valuable for

cross-validating protein abundance after

transcriptomic screening .

neXtProt serves as a high-quality human

protein knowledgebase with strong functional
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annotation, and its importance lies in its

curated human-protein focus. While UniProt is

broad and foundational, neXtProt offers a

more specialized human-centered interpretive

layer that can be particularly useful in cancer

studies, where the relevance of a protein often

depends on detailed functional annotation

within human biology. It helps refine

understanding of protein role, evidence status,

and biological significance in a way that

complements broader annotation resources .

PaxDB is valuable because it provides

protein abundance data across organisms and

tissues. Its main importance in cancer

bioinformatics lies in contextual abundance

assessment. When a researcher wants to

know whether a protein is generally abundant,

tissue-restricted, or relatively rare under

physiologic conditions, PaxDB offers a broad

abundance framework that can help

contextualize tumor-associated observations.

In this way, PaxDB contributes a comparative

quantitative perspective that supports the

interpretation of whether a cancer-related

protein signal is truly exceptional or consistent

with broader biologic abundance patterns .

Table 5. Proteomics databases for in silico cancer data retrieval

Database Description Link

UniProt Comprehensive protein sequence and functional information
database (Swiss-Prot & TrEMBL)

https://www.uniprot.org

Human Protein Atlas Maps protein expression across human tissues, cells, and organs https://www.proteinatlas.org

PRIDE Archive Public repository for mass spectrometry-based proteomics data https://www.ebi.ac.uk/pride/

MassIVE Large-scale mass spectrometry proteomics data repository https://massive.ucsd.edu

PeptideAtlas Repository of identified peptides and proteins from MS
experiments

http://www.peptideatlas.org

STRING Protein–protein interaction networks and functional associations https://string-db.org

PDB (Protein Data
Bank)

3D structural data of proteins and biomolecules https://www.rcsb.org

ProteomicsDB Integrated human proteome expression and quantification data https://www.proteomicsdb.org

neXtProt High-quality human protein knowledgebase with functional
annotation

https://www.nextprot.org

PaxDB Protein abundance database across organisms and tissues https://pax-db.org

CORUM Database of experimentally verified protein complexes https://mips.helmholtz-
muenchen.de/corum/

CORUM occupies a distinct position in

the proteomics landscape because it is

focused on experimentally verified protein

complexes. Its importance lies in revealing

whether a protein of interest acts as part of a

known functional complex rather than as an

isolated molecular entity. This is especially

relevant in cancer, where disruption of

complex assembly, signaling modules, or

multiprotein regulatory systems may drive

malignant behavior. In an in silico cancer

workflow, CORUM helps determine whether a

candidate protein should be interpreted in the

context of a broader molecular machine,

thereby deepening functional inference

beyond single-protein analysis . The major

proteomics databases used in in silico cancer

research are listed in Table 5.
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These proteomics databases provide a

highly structured framework for cancer data

retrieval. UniProt and neXtProt define protein

identity and function; Human Protein Atlas,

ProteomicsDB, and PaxDB clarify protein

abundance and tissue relevance; PRIDE

Archive, MassIVE, and PeptideAtlas provide

experimental proteomic evidence; STRING and

CORUM explain interaction and complex

biology; and PDB contributes structural

interpretation. Used sequentially and critically,

these resources allow researchers to move

from a candidate gene or transcript to a

biologically grounded protein-level

understanding that is far more relevant to

cancer mechanism and translational

application. Figure 3 illustrates how a

candidate protein can be interpreted through

annotation, abundance profiling, experimental

support, interaction analysis, and structural

context in in silico cancer research.

Figure 3. Proteomic, interaction, and structural interpretation framework. Candidate proteins are evaluated through

functional annotation, tissue abundance, experimental proteomics evidence, interaction networks, protein

complexes, and three-dimensional structural information.

Proteomics Tools
Proteomics tools play a critical role in

determining whether genomic or

transcriptomic findings are reflected at the

protein level and in quantifying proteome-wide

changes in cancer. MaxQuant is one of the

most widely used proteomics platforms

because it supports both protein identification

and quantitative analysis from mass

spectrometry data. Its importance lies in

converting raw proteomics experiments into

interpretable protein abundance and

identification outputs . Skyline is especially

valuable for targeted proteomics and

quantitative mass spectrometry analysis, and

it is often used when researchers need

focused validation of peptides or proteins of

interest . ProteinPilot also supports protein

identification from MS/MS data and

contributes to peptide-spectrum matching and

proteome characterization. Collectively, these
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tools provide the computational foundation for

transforming experimental mass spectrometry

data into meaningful protein-level evidence in

cancer bioinformatics . The core proteomics

analytical tools used for protein identification

and quantitative analysis are shown in Table 6.

Table 6. Proteomics tools for protein identification and quantitative analysis

Tool Description Link

MaxQuant Identifies and quantifies proteins from mass spectrometry (MS) data https://www.maxquant.org

Skyline Tool for targeted proteomics and quantitative MS data analysis https://skyline.ms

ProteinPilot Software for protein identification using MS/MS data https://sciex.com/products/software/p
roteinpilot-software

METABOLOMICS DATABASES and TOOLS in
CANCER DATA RETRIEVAL
Metabolomics Databases

Metabolomics occupies a particularly

important position in in silico cancer research

because it captures the biochemical

consequences of upstream genomic,

transcriptomic, and proteomic alterations.

While DNA- and RNA-level analyses identify

potential drivers of malignant behavior,

metabolomics helps determine how these

changes are translated into altered pathway

activity, substrate utilization, redox balance,

lipid remodeling, and other hallmarks of tumor

metabolism . In cancer data retrieval,

metabolomics databases are therefore

essential not only for identifying metabolites

and pathways, but also for connecting

molecular abnormalities to functional cellular

states. The metabolomics resources listed in

your attached framework are highly

complementary, and each database

contributes a distinct type of information that

strengthens pathway-level interpretation in

computational oncology .

Kyoto Encyclopedia of Genes and

Genomes (KEGG) is one of the most influential

pathway-oriented resources in metabolomics

and cancer bioinformatics. Its importance lies

in its ability to connect genes, enzymes,

metabolites, and biochemical reactions within

integrated pathway maps. In practical cancer

research, KEGG is especially valuable when

investigators want to place a dysregulated

gene, enzyme, or metabolite into a broader

metabolic or signaling context. It allows

researchers to move from isolated molecular

observations toward a network-level

understanding of cancer-related pathway

disruption. For this reason, KEGG is often one

of the first resources used when attempting to

interpret whether a molecular alteration

affects glycolysis, amino acid metabolism,

lipid metabolism, oxidative phosphorylation, or

other cancer-relevant pathways .

Human Metabolome Database (HMDB)

is particularly important because it focuses on

detailed information about human metabolites

and their biological roles. Its strength lies in

compound-level annotation. Whereas KEGG is

primarily pathway-centered, HMDB is

metabolite-centered and provides rich

information on metabolite identity, chemical

properties, biological relevance, and human-

specific context. In in silico cancer data

retrieval, HMDB is highly useful when

researchers need to characterize a specific

metabolite, clarify its physiologic role, or

understand its relevance to human disease

processes. It is especially valuable in studies

that move from broad pathway mapping

toward detailed interpretation of individual

tumor-associated metabolites .
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Reactome is another major pathway

database, but its distinct importance lies in its

highly curated representation of biological

pathways, including both metabolism and

signaling. This makes Reactome especially

valuable in cancer studies where metabolite

changes must be interpreted in relation not

only to metabolic circuits but also to wider

regulatory networks. For example, many

cancer-associated metabolic alterations are

tightly linked to growth signaling,

inflammatory signaling, or stress-response

pathways. Reactome is therefore particularly

useful when the aim is to connect metabolic

observations to broader systems biology

rather than to metabolism alone. In this sense,

it serves as a bridge between metabolomics

and multi-pathway integrative oncology .

PubChem contributes an important

chemical dimension to cancer metabolomics.

Its main role is to provide compound

structures, physicochemical properties,

identifiers, and related chemical information.

In a cancer bioinformatics workflow, PubChem

is especially useful when metabolite

interpretation requires chemical clarification,

structure-based comparison, or confirmation

of compound identity. Although it is not a

pathway database in the same sense as KEGG

or Reactome, its relevance is substantial

because accurate metabolic interpretation

often depends on knowing the structural and

chemical features of the molecules under

study. Thus, PubChem supports the precise

identification and characterization of

compounds within metabolomics-driven

cancer analyses .

PathWhiz is valuable because it is

designed for the visualization and

construction of metabolic pathways. Its

importance lies in representation and

communication. In many in silico cancer

studies, biological interpretation becomes

much stronger when complex metabolic

results can be organized visually into pathway

models. PathWhiz supports this need by

enabling researchers to create or explore

pathway diagrams that make biochemical

relationships more explicit. In a review or

integrative study, it is particularly useful for

translating lists of altered metabolites or

enzymes into interpretable pathway figures

that reflect cancer-specific metabolic

changes .

MetaboLights is one of the most

important experimental repositories in the

metabolomics layer because it stores

metabolomics studies and associated

experimental data. Its key significance lies in

reusability and data access. Just as GEO and

SRA enable reanalysis in transcriptomics,

MetaboLights provides a public platform

through which investigators can identify and

reuse metabolomics datasets generated by

prior studies. In cancer data retrieval, this is

highly valuable for validating reported

metabolic signatures, comparing metabolite

patterns across studies, and performing

secondary analyses without generating new

experimental data. MetaboLights therefore

functions as a major source of real-world

metabolomics evidence in computational

oncology .

Small Molecule Pathway Database

(SMPDB) has a distinct value because it

focuses specifically on human small-molecule

pathways. Its importance lies in its disease-

oriented and pathway-centered design, which

makes it particularly helpful in translational

interpretation. In cancer research, SMPDB is

useful when altered metabolites need to be

mapped onto human-specific biochemical
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pathways with strong biomedical relevance.

Compared with broader metabolic resources,

SMPDB is especially suitable for studies that

seek to connect tumor-associated metabolic

changes to clinically interpretable human

pathways . This gives it a particularly

important place in the later interpretive stages

of cancer metabolomics. The principal

metabolomics databases used in cancer

bioinformatics are summarized in Table 7.

Table 7. Metabolomics databases for in silico cancer data retrieval

Database Description Link

KEGG Database of metabolic pathways, genes, and biochemical
reactions

https://www.kegg.jp

HMDB (Human
Metabolome Database)

Detailed information on human metabolites and their
biological roles

https://hmdb.ca

Reactome Curated database of biological pathways including
metabolism and signaling

https://reactome.org

PubChem Large chemical database containing compound structures
and properties

https://pubchem.ncbi.nlm.nih.gov

PathWhiz Tool for visualizing and constructing metabolic pathways https://smpdb.ca/pathwhiz

MetaboLights Repository for metabolomics experimental data and studies https://www.ebi.ac.uk/metabolights

SMPDB Database of small molecule pathways in humans https://smpdb.ca

These metabolomics databases form a

coherent and complementary framework for

cancer data retrieval. KEGG and Reactome

provide pathway-level structure; HMDB and

PubChem support metabolite-level identity

and characterization; PathWhiz enables

pathway visualization; MetaboLights offers

access to experimental metabolomics studies;

and SMPDB strengthens human pathway

interpretation. Used sequentially, these

resources allow investigators to move from a

metabolic signal or compound name toward a

far more informative understanding of

biochemical dysregulation in cancer. In the

broader logic of multi-omics oncology,

metabolomics databases are especially

important because they widen the analytical

lens from upstream molecular alteration to

downstream biological consequence, thereby

completing the functional interpretation of in
silico cancer data retrieval. Figure 4 shows

how metabolomics and pathway databases

can be integrated to achieve downstream

biochemical interpretation in cancer

bioinformatics.

Metabolomics Tools
Metabolomics tools are indispensable

for processing, identifying, and interpreting

metabolic features associated with cancer.

MetaboAnalyst is a widely used platform for

statistical analysis, visualization, and

biological interpretation of metabolomics

data, and it is particularly useful for identifying

significant metabolic alterations and linking

them to relevant biochemical pathways .

XCMS serves a critical preprocessing role by

performing peak detection, alignment, and

quantification of LC-MS data, thereby enabling

the conversion of raw metabolomics signals

into analyzable features . MetFrag contributes

at the metabolite-identification stage by

matching MS/MS spectra with candidate

structures, which helps researchers assign

chemical identity to detected metabolic

signals. Together, these tools allow

metabolomics datasets to progress from raw
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instrumental output to biologically meaningful

insights into metabolic dysregulation and

pathway-level changes in cancer . The main

metabolomics analytical tools used for

metabolite analysis and pathway

interpretation are presented in Table 8.

Figure 4. Metabolomics and pathway integration in cancer bioinformatics. Metabolite identification and experimental

datasets are integrated with pathway databases and visualization tools to supdysregulationtation of

metabolic reprogramming and pathway dysregulation in cancer.

Table 8. Metabolomics tools for metabolite analysis and pathway interpretation

Tool Description Link

MetaboAnalyst Platform for statistical analysis, visualization, and interpretation of
metabolomics data

https://www.metaboanalyst.ca

XCMS Processes LC-MS data for peak detection, alignment, and
quantification

https://xcmsonline.scripps.edu

MetFrag Identifies metabolites by matching MS/MS spectra with candidate
structures

https://ipb-halle.github.io/MetFrag

INTERACTION DATABASES in CANCER DATA
RETRIEVAL

Interaction databases occupy an

essential position in in silico cancer research

because malignant phenotypes rarely arise

from isolated genes or proteins acting alone.

Instead, tumor behavior is usually driven by

disturbed interaction networks, altered

pathway connectivity, and disrupted

multiprotein assemblies . For this reason,

interaction-centered resources are critical

after the initial identification of candidate

genes, transcripts, or proteins, as they help
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determine whether these candidates

participate in biologically meaningful

networks, functional modules, or regulatory

complexes . Within the resource framework

provided in the attached tables, the most

clearly interaction-oriented platforms are

GeneMANIA, STRING, and CORUM. Each

contributes a distinct layer of network

interpretation and should be used according

to its specific strength rather than treated as

interchangeable.

GeneMANIA is particularly valuable at

the gene-centered stage of cancer data

retrieval. It is designed to identify genes that

are related to a user-supplied gene or gene set

by integrating multiple forms of functional

association data, including protein and genetic

interactions, pathways, co-expression, co-

localization, and protein domain similarity. Its

importance lies in its predictive and

hypothesis-generating role. In cancer studies,

once a candidate gene has been identified

through genomic or transcriptomic analysis,

GeneMANIA can be used to determine

whether that gene is functionally linked to

known oncogenic pathways, whether it

clusters with genes of similar biological

function, or whether it may represent an

overlooked member of a cancer-relevant

pathway or protein complex. Thus,

GeneMANIA is especially useful in the early

interpretive phase, where the investigator is

expanding from a single-gene finding toward a

broader gene-network context .

STRING is one of the most important

resources for protein-centered interaction

analysis in cancer bioinformatics. It is a

database of known and predicted protein–

protein interactions that includes both direct

physical interactions and indirect functional

associations. These associations are derived

from multiple evidence channels, including

high-throughput experiments, curated

databases, co-expression, text mining, and

genomic context prediction. The importance

of STRING in cancer data retrieval lies in its

ability to transform a list of candidate genes

or proteins into an interpretable interaction

network. In practical terms, this means that a

protein identified as differentially expressed or

mutation-associated can be examined in

relation to its partners, pathway neighbors,

and potential signaling modules. This is highly

relevant in oncology, where network position

may help distinguish a peripheral molecular

change from a central regulatory hub. STRING

is therefore particularly well suited to the

intermediate-to-late stage of in silico analysis,

when researchers need to evaluate whether

candidate molecules converge within

meaningful oncogenic circuits .

CORUM contributes a more specialized

but highly important type of interaction

evidence by focusing on experimentally

characterized mammalian protein complexes.

Unlike broader interaction databases that may

include predicted or indirect associations,

CORUM is centered on curated information

about multiprotein complexes and their

biological properties. Its importance in cancer

data retrieval lies in the fact that many key

oncogenic processes are executed not by

single proteins, but by stable or semi-stable

complexes involved in transcriptional control,

signal transduction, DNA repair, chromatin

remodeling, and cell-cycle regulation. In this

context, CORUM helps determine whether a

candidate protein should be interpreted as

part of a known functional complex and

whether disruption of that complex may be

mechanistically relevant to tumor biology. As a

result, CORUM is particularly valuable in the

later interpretive stage of cancer
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bioinformatics, when the objective is to move

from network association toward more

concrete mechanistic explanation at the level

of molecular assemblies .

In cancer research, these interaction

databases provide a logical hierarchy of

network interpretation. GeneMANIA is

especially useful for gene-level functional

association and candidate expansion, STRING

is most effective for protein-level interaction

mapping and network analysis, and CORUM is

most informative for experimentally validated

mammalian protein complexes and

mechanistic complex-level interpretation.

When used sequentially, they provide a strong

analytical bridge between primary omics

findings and systems-level biological

understanding. In a robust in silico cancer

workflow, interaction databases should

therefore be regarded not as optional add-ons,

but as essential interpretive resources that

help convert molecular candidates into

biologically credible cancer mechanisms.

PATHWAY DATABASES in CANCER DATA
RETRIEVAL

Pathway databases are indispensable in

in silico cancer research because they allow

investigators to move beyond lists of altered

genes, transcripts, proteins, or metabolites

and interpret those changes within organized

biological systems . In cancer, isolated

molecular abnormalities rarely act alone;

rather, they converge on signaling cascades,

metabolic circuits, biosynthetic routes, and

regulatory modules that collectively shape

tumor initiation, progression, metastasis,

immune evasion, and therapeutic resistance.

For this reason, pathway databases play a

central interpretive role in cancer data

retrieval . They help determine whether a

candidate molecule belongs to a known

biological pathway, whether several altered

molecules converge on the same process, and

whether apparently unrelated omics findings

can be integrated into a coherent mechanistic

framework . Within your attached resource

inventory, the principal pathway-oriented

databases are KEGG, Reactome, PathWhiz,

and SMPDB, with HMDB and PubChem also

contributing important pathway-supportive

functions through metabolite and compound

annotation.

Kyoto Encyclopedia of Genes and

Genomes is one of the most widely used

pathway databases in biomedical research

and is especially important in cancer

bioinformatics because it integrates genes,

enzymes, metabolites, and biochemical

reactions into unified pathway maps. Its

strength lies in providing a structured

systems-level view in which molecular

alterations can be placed into recognizable

biological processes such as glycolysis, the

tricarboxylic acid cycle, amino acid

metabolism, lipid synthesis, apoptosis, or

growth-factor signaling. In cancer data

retrieval, KEGG is particularly valuable when

researchers want to determine whether a

dysregulated gene or metabolite belongs to a

known oncogenic or metabolic pathway. It is

often the first pathway resource used after

initial omics screening because it translates

molecular findings into interpretable biological

routes.

Reactome is equally important, but it

differs from KEGG in the depth and style of

pathway curation. Reactome is a curated

pathway database that includes both

metabolism and signaling, making it

particularly useful in cancer studies where

metabolic changes are tightly linked to

regulatory and signaling networks. Its strength

lies in high-quality pathway organization and
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the ability to connect molecular findings to

broader functional systems rather than

metabolism alone. In practical terms,

Reactome is especially useful when a cancer

study aims to interpret altered genes or

proteins in the context of coordinated

signaling events, immune pathways, cell-cycle

regulation, or apoptosis-related processes in

addition to classical metabolism. Thus,

Reactome is highly valuable for broad

mechanistic interpretation and cross-pathway

integration.

PathWhiz occupies a more specialized

but highly useful position in pathway-based

cancer analysis. Its main importance lies in

pathway visualization and pathway

construction. Whereas KEGG and Reactome

are often used for pathway reference and

mapping, PathWhiz is particularly valuable

when investigators need to visualize

metabolic relationships clearly or build

publication-quality pathway representations

from retrieved data. In cancer studies, this

becomes especially relevant when altered

metabolites, enzymes, or pathway nodes need

to be assembled into a readable biological

model. PathWhiz therefore contributes

strongly to interpretation, communication, and

figure generation, making it especially useful

in integrative and review-oriented in silico
oncology.

Small Molecule Pathway Database is

important because it focuses specifically on

small-molecule pathways in humans. Its

relevance in cancer data retrieval lies in its

human-centered pathway design and its close

alignment with disease-related biochemical

interpretation. In contrast to more general

pathway resources, SMPDB is particularly well

suited for studies that aim to understand how

small molecules, metabolites, or drugs

participate in human biochemical pathways. In

cancer research, this makes it especially

useful for interpreting altered metabolite

signatures, treatment-associated metabolic

changes, and biochemical pathways that may

have translational or clinical relevance. Thus,

SMPDB provides an important disease-

oriented complement to broader pathway

databases.

Although HMDB (Human Metabolome

Database) is primarily a metabolite database

rather than a classical pathway database, it is

highly important in pathway retrieval because

pathways cannot be interpreted properly

without reliable metabolite-level annotation.

HMDB provides detailed information on

human metabolites and their biological roles,

thereby helping researchers understand the

identity, function, and human relevance of

molecules that appear in cancer

metabolomics studies. In pathway-centered

cancer analysis, HMDB is especially useful

when the investigator needs to move from

pathway maps to the detailed biological

meaning of individual metabolites within

those pathways. It therefore supports pathway

interpretation by adding compound-specific

biological depth.

Similarly, PubChem is not a pathway

database in the strict sense, but it plays an

important supportive role in pathway-oriented

cancer retrieval because it provides

compound structures, properties, and

identifiers. This is valuable when pathway

interpretation depends on precise chemical

characterization of metabolites, drugs, or

small molecules. In cancer research,

PubChem helps ensure that pathway-linked

compounds are correctly identified and

chemically contextualized, which is especially

important in metabolomics, drug-response

studies, and compound-centered pathway

exploration. Its contribution is therefore
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indirect but still essential to accurate pathway

analysis.

These resources form a layered pathway-

interpretation framework for in silico cancer

research. KEGG provides broad integrative

pathway maps connecting genes, enzymes,

and metabolites; Reactome offers deeply

curated pathways spanning metabolism and

signaling; PathWhiz strengthens visualization

and custom pathway representation; SMPDB

focuses on human small-molecule pathways

with strong disease relevance; and HMDB and

PubChem supply metabolite- and compound-

level detail that supports accurate pathway

annotation. Used collectively, these databases

enable researchers to move from isolated

molecular findings toward a systems-level

understanding of cancer biology, which is one

of the central goals of multi-omics data

retrieval.

CLINICAL and TRANSLATIONAL and
FUNCTIONAL RESOURCES in CANCER
RESEARCH
Clinical and Translational Databases in Cancer
Research

Clinical and translational cancer

databases provide the essential link between

molecular findings and real-world oncologic

relevance. Unlike purely omics-focused

repositories, these resources help connect

cancer-associated genomic alterations to

clinical outcomes, therapeutic implications,

trial opportunities, and population-level

disease patterns. Among the databases listed

in the attached table, The Cancer Genome

Atlas and the International Cancer Genome

Consortium are especially important because

they combine large-scale genomic and multi-

omics datasets with clinical information

across multiple cancer types and populations

.  OncoKB and CIViC provide a more directly

translational layer by linking cancer-related

variants to therapeutic significance, levels of

clinical evidence, and expert interpretation.

cBioPortal is particularly useful for interactive

exploration of genomic datasets alongside

survival and clinical variables, making it highly

valuable for integrative cancer analysis

.  ClinicalTrials (https://clinicaltrials.gov/)

extends this framework into the therapeutic

domain by allowing researchers and clinicians

to identify ongoing and completed cancer

trials, treatment strategies, and eligibility

criteria . Finally, SEER provides a population-

based epidemiologic perspective through

incidence, survival, and demographic

statistics, thereby strengthening the public

health and outcome-oriented interpretation of

cancer research . Together, these databases

form a critical clinical evidence layer that

complements molecular databases and

supports translational oncology, precision

medicine, and outcome-focused cancer

research. The principal clinical and

translational databases included in this review

are summarized in the attached table. The

major clinical and translational databases

relevant to cancer research are presented in

Table 9.

DepMap is an important functional

resource in cancer research because it

extends in silico analysis beyond descriptive

molecular profiling toward the identification of

cancer vulnerabilities. Unlike databases that

primarily catalogue genomic alterations,

expression patterns, or clinical associations,

DepMap enables investigation of gene

essentiality and dependency across large

panels of cancer cell lines. This makes it

particularly valuable for determining whether

genes or pathways identified through

genomics, transcriptomics, or proteomics are

not only altered in tumors but also selectively

required for tumor survival. In the context of in
silico cancer research, DepMap adds a
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functional layer that strengthens biomarker

evaluation, mechanistic interpretation, and

therapeutic target prioritization, thereby

supporting a more complete framework for

precision oncology  .

Table 9. Clinical and translational databases used in cancer research

Database Description Link

The Cancer Genome Atlas Large-scale project integrating multi-omics data (DNA, RNA,
epigenetics) with clinical outcomes across many cancer types.

https://portal.gdc.cancer.gov

International Cancer
Genome Consortium

International initiative collecting genomic and clinical data from
diverse cancer populations worldwide.

https://dcc.icgc.org

OncoKB Curated database linking cancer mutations to targeted therapies
and clinical evidence levels.

https://www.oncokb.org

CIViC Open, expert-curated database providing clinical interpretation
of cancer-related genetic variants.

https://civicdb.org

cBioPortal Interactive platform for exploring cancer genomic datasets with
clinical data and survival analysis tools.

https://www.cbioportal.org

ClinicalTrials.gov Global registry of clinical studies, including cancer trials,
treatments, and patient eligibility data.

https://clinicaltrials.gov

SEER Population-based database providing cancer incidence, survival,
and demographic statistics.

https://seer.cancer.gov

AI-BASED TOOLS in CANCER GENOMICS and
CLINICAL INTERPRETATION

Artificial intelligence has become

increasingly important in cancer research

because it improves the speed, consistency,

and clinical relevance of genomic and

transcriptomic data interpretation. The tools

listed in the attached table represent a

growing class of AI-enabled platforms that

support variant prioritization, clinical reporting,

phenotype-guided interpretation, and

advanced transcriptomic modeling . 

Table 10. AI-based tools used in cancer genomics and clinical interpretation

Tool Type Description Link

SeqOne AI Clinical Genomics
Platform

AI-powered platform for NGS analysis, variant
prioritization, and clinical reporting for rare diseases and
cancer genomics.

https://www.seqone.com

Franklin
by
Genoox

AI Variant
Interpretation Tool

Cloud-based AI system that classifies and prioritizes
genetic variants using ACMG guidelines and clinical
evidence.

https://franklin.genoox.com

Fabric
Genomics

AI Clinical Decision
Platform

Uses AI and phenotype-driven analysis to interpret
genomic data for rare diseases and precision medicine.

https://fabricgenomics.com

Genomic
OS

AI Genomics
Platform

Integrated AI system for genomic data analysis, variant
interpretation, and clinical workflow support.

https://www.genomicos.com

VarSome AI Variant
Interpretation
Platform

Combines multiple genomic databases with AI-based
ACMG classification for variant annotation and
interpretation.

https://varsome.com

scVI AI Deep Learning
Tool

Deep generative model for single-cell RNA-seq analysis,
including clustering, batch correction, and visualization.

https://scvi-tools.org

In the clinical genomics setting, SeqOne, Franklin by Genoox, Fabric Genomics,
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GenomicOS, and VarSome are particularly

valuable because they integrate genomic data

analysis with AI-assisted interpretation

frameworks . These platforms are designed

to support next-generation sequencing

analysis, variant annotation, ACMG-based

classification, phenotype-driven prioritization,

and clinical decision support, which are

especially important in precision oncology and

rare-disease diagnostics. In parallel, scVI

represents a different but equally important

type of AI tool, as it applies deep learning to

single-cell RNA sequencing data for clustering,

batch correction, and visualization. This

makes it highly relevant for cancer studies

involving tumor heterogeneity, cell-state

analysis, and transcriptomic integration .

Collectively, these AI-driven tools extend

conventional bioinformatics by enabling more

automated, scalable, and clinically oriented

interpretation of complex cancer datasets.

The AI-related tools included in this review are

summarized in the attached table. The

principal AI-based tools used in cancer

genomics and clinical interpretation are

summarized in Table 10.

ANALYTICAL TOOLS USED in CANCER DATA
RETRIEVAL

The analytical value of cancer databases

depends fundamentally on the tools used to

process, compare, validate, and interpret the

retrieved data. Public repositories provide the

raw material of in silico oncology, but analytical

tools transform that material into biologically

meaningful evidence . In practice, these tools

occupy the operational center of cancer

bioinformatics: they align sequencing reads,

assemble transcripts, identify variants,

quantify proteins, detect metabolites,

reconstruct interaction networks, and support

downstream statistical interpretation . For

this reason, analytical tools should not be

treated as auxiliary software appended after

database retrieval; rather, they are the

computational engines through which

retrieved datasets become interpretable. In

the context of the attached resource

framework, the analytical tools can be

understood in terms of the omics layer in

which they operate and the specific type of

evidence they generate .

Within the genomics layer, analytical

tools are primarily concerned with sequence

comparison, read alignment, variant

identification, mutational interpretation,

visualization, and network-based biological

inference. GeneMANIA is particularly valuable

when the investigator begins with one or more

candidate genes and seeks to expand those

findings into a functionally relevant gene

network. Its importance lies in gene-function

prediction and gene–gene interaction

inference, allowing researchers to determine

whether newly identified candidates cluster

with established cancer-associated genes or

pathways. In this way, GeneMANIA helps

move from isolated genomic signals to

broader biological interpretation . BLAST

serves a different but equally important

purpose by identifying sequence similarity

between DNA or protein sequences. In cancer

studies, BLAST is especially useful when

sequence identity, homology confirmation, or

reference comparison is needed before more

specialized downstream analyses are

performed .

MutaGene contributes a more cancer-

specific interpretive function within genomics.

Its importance lies in the analysis of somatic

mutational signatures and in the distinction

between likely driver and passenger mutations

in tumor genomes. Because many observed

somatic mutations in cancer are biologically
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incidental, tools such as MutaGene are

especially valuable for prioritizing variants that

may carry stronger mechanistic or oncogenic

relevance. BWA and Bowtie2 are foundational

alignment tools in genomic workflows. Their

shared importance lies in aligning short DNA

sequencing reads to a reference genome,

which is an essential preliminary step before

variant calling can occur. Although they serve

similar general purposes, their use often

depends on the design of the sequencing

workflow and the computational preferences

of the analyst. GATK then takes on a central

role in variant discovery, especially for SNPs

and indels, and is therefore one of the most

important tools in cancer genomics when

moving from aligned sequence data to high-

confidence variant calls. Finally, IGV provides

an indispensable visualization layer, allowing

researchers to inspect alignments and

variants directly. This is especially important

in cancer genomics because computational

calls often require visual confirmation to rule

out artifacts and to interpret locus-specific

sequence behavior with confidence.

Within the transcriptomics layer,

analytical tools are primarily used to convert

raw or semi-processed RNA data into

biologically meaningful expression

information. STAR is one of the most

important aligners in this domain because it is

optimized for RNA-seq reads and supports

splice-junction detection, which is critical for

transcriptomic analysis. Its importance lies in

accurately aligning RNA-derived reads to the

genome while accounting for exon–intron

structure and splicing complexity . StringTie

follows this stage by assembling transcripts

and estimating their abundance from RNA-seq

data. In practical cancer studies, this is highly

valuable because transcript-level abundance,

isoform diversity, and expression estimation

often form the basis of downstream tumor–

normal comparison .

The statistical core of transcriptomics is

represented by Limma, edgeR, and DESeq2,

each of which plays a major role in differential-

expression analysis. Limma is especially well

established for microarray analysis and has

also been adapted for RNA-seq workflows,

making it valuable in studies involving mixed

expression platforms or reanalysis of legacy

cancer datasets. edgeR is important because

it is specifically designed for count-based

RNA-seq data and provides robust statistical

modeling for differential gene-expression

analysis. DESeq2 serves a similar central role

and is particularly valued for its negative

binomial framework and stable performance

in identifying differentially expressed genes

from count data. In cancer transcriptomics,

these tools are often decisive because they

determine which genes, transcripts, or

regulatory RNAs emerge as statistically

significant candidates for further biological

interpretation. Thus, while databases provide

the expression data, these analytical tools

determine how confidently those data can be

translated into cancer-relevant expression

signatures .

Within the proteomics layer, analytical

tools are primarily focused on protein

identification, quantification, and targeted

validation from mass spectrometry data.

MaxQuant is one of the most important tools

in this group because it supports large-scale

protein identification and quantification from

mass spectrometry experiments. Its value in

cancer studies lies in its ability to turn raw

proteomics data into interpretable protein

abundance profiles, which are essential when

validating whether transcriptomic or genomic

signals are reflected at the protein level .
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Skyline occupies a complementary role and is

especially important in targeted proteomics

and quantitative mass spectrometry analysis.

In practical terms, Skyline is useful when

investigators need more focused validation of

specific peptides or proteins, particularly in

candidate-driven biomarker studies .

ProteinPilot also supports protein

identification from MS/MS data and

contributes an additional route for translating

raw spectrometric evidence into protein-level

biological interpretation. These tools enable

researchers to move from proteomics

repositories to experimentally grounded

evidence about protein presence, abundance,

and relevance in cancer.

Within the metabolomics layer, the

principal analytical tasks include peak

detection, alignment, metabolite identification,

statistical interpretation, and pathway-level

contextualization. MetaboAnalyst is one of the

most influential tools in this domain because

it provides a broad platform for statistical

analysis, visualization, and biological

interpretation of metabolomics data. Its

importance lies in the fact that metabolomics

datasets are often highly multidimensional

and require integrated statistical and pathway-

oriented exploration. In cancer research,

MetaboAnalyst is especially valuable for

identifying significant metabolic shifts,

comparing tumor-associated metabolite

patterns, and linking those changes to

biological pathways . XCMS serves a more

preprocessing-oriented function by handling

LC-MS peak detection, alignment, and

quantification. This makes it foundational

when raw metabolomics data must first be

converted into analyzable metabolic

features . MetFrag then contributes at the

identification stage by matching MS/MS

spectra with candidate structures, thereby

helping determine which metabolites are

actually represented by observed spectral

signals. In combination, these three tools

provide the computational backbone for

turning raw metabolomics data into

interpretable evidence about altered

biochemical states in cancer .

When considered together, these

analytical tools form a multi-omics

computational infrastructure for cancer data

retrieval. Genomics tools identify and validate

DNA-level changes; transcriptomics tools

quantify and compare expression; proteomics

tools detect and measure protein-level

evidence; and metabolomics tools reveal

biochemical consequence. Their collective

importance lies in the fact that they do not

merely analyze data independently within each

omics layer—they also enable cross-layer

interpretation. A variant detected through

genomic tools may be followed by

transcriptomic quantification, proteomic

confirmation, and metabolomic consequence

mapping, thereby transforming a single

molecular observation into a coherent,

systems-level cancer hypothesis. For this

reason, analytical tools should be viewed as a

central interpretive framework in in silico
oncology, linking database retrieval to

biological meaning and translational

relevance.

Cytoscape is a widely used open-source

platform for the visualization and analysis of

molecular interaction networks and biological

pathways. Its importance in in silico cancer

research lies in its ability to integrate omics-

derived measurements, such as gene

expression, protein interactions, and pathway

annotations, into interpretable network

models. This makes Cytoscape especially

valuable after candidate genes, proteins, or
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pathways have been identified, as it allows

researchers to explore network topology,

visualize pathway relationships, and generate

publication-ready interaction maps. In this

way, Cytoscape serves as an important cross-

omics analytical and visualization tool that

strengthens systems-level interpretation in

cancer bioinformatics .

DATA-MINING LOGIC: from RESOURCE
DISCOVERY to CROSS-OMICS EVIDENCE

The logic of data mining in cancer

bioinformatics begins not with downloading

datasets, but with defining the biological

question precisely enough to determine which

class of resource is required. A mutation-

centered question demands a different entry

point from an expression-centered, protein-

centered, or pathway-centered question. Once

the question has been clarified, the first

operational step is usually target framing . In

this stage, GeneCards is particularly valuable

because it provides a gene-centered overview

of function, disease association, and

biological context, allowing the investigator to

move from a candidate name to a structured

molecular profile. Ensembl then becomes

important for genome annotation, transcript

structure, and comparative genomic context,

helping the researcher define the exact

genomic entity under investigation. GenBank
complements this step by providing direct

access to nucleotide sequences and reference

records, which is essential when sequence

confirmation or accession-based retrieval is

required .

Once the gene or locus has been defined,

the next step is background filtering, where

the goal is to distinguish potentially important

alterations from ordinary human variation.

gnomAD is central at this stage because it

aggregates large-scale human genetic

variation and allows allele-frequency

assessment across populations. The 1000

Genomes Project provides an additional

population reference framework and is

especially useful for understanding the

distribution of common human variants

across diverse ancestries . dbSNP adds a

variant-centered reference layer by cataloging

SNPs and other small genetic changes and

helping standardize variant identity. In data-

mining logic, these three databases

collectively prevent the premature

interpretation of common background

polymorphisms as cancer-relevant findings.

They function as the filtering gate between

raw variation and biologically plausible

disease association.

After background filtering, the workflow

shifts to cancer-specific genomic

interpretation. COSMIC is a key resource at

this point because it catalogs somatic

mutations observed in human cancers and

therefore allows researchers to determine

whether a candidate alteration has already

been reported in tumor contexts. The GDC

Portal extends this interpretation by providing

access to cancer genomic datasets linked to

clinical information, which makes it

particularly important when the investigator

wants to connect genomic findings with tumor

type, patient features, or broader molecular

context. ClinVar becomes highly relevant when

a variant may have known clinical significance,

while dbVar is essential when the candidate

event involves larger-scale structural variation

such as deletions or duplications rather than

only small sequence changes. The UCSC

Genome Browser then provides a crucial

visualization and contextualization layer,

allowing the locus to be explored within the

annotated genome. In a professional cancer

data-mining workflow, these resources

99

100

101

102



Public Multi-Omics Databases for In Silico Cancer Research OncoIntelligence Journal

67OncoIntelligence Journal. 2026, 1(1): 37-74

collectively convert a filtered genomic signal

into a cancer-informed and clinically

interpretable genomic observation.

The next major stage is transcript-level

validation, where the investigator asks

whether the genomic signal is reflected in

RNA expression. GEO is particularly important

here because it provides public gene-

expression studies from microarray and RNA-

seq experiments and is highly useful for

comparing expression patterns across

independent cancer studies. TCGA serves as

one of the principal tumor-centered

transcriptomic resources and is especially

important for large-scale cancer expression

analysis linked to clinical and genomic

annotations. GTEx is indispensable as the

normal-reference counterpart because it

provides healthy tissue expression profiles

and thereby helps determine whether an

apparent tumor signal is truly dysregulated

rather than simply tissue specific. SRA

supports raw-data reuse and becomes

especially important when the investigator

wishes to reanalyze RNA-seq data from

original sequence files rather than depend on

processed results. In this stage of the

workflow, transcriptomic evidence is used to

decide whether a genomic candidate is

transcriptionally active, suppressed, or

differentially regulated in cancer.

Transcript-level data mining frequently

requires a more refined view of regulatory and

cellular complexity. Single Cell Expression

Atlas is important because it resolves

expression at the level of individual cells and

allows investigators to determine whether a

signal arises from malignant cells, stromal

components, or immune populations within

the tumor microenvironment. NONCODE

contributes a dedicated resource for non-

coding RNA sequences and annotation, which

is critical in cancer studies involving long non-

coding RNAs and other regulatory transcripts.

miRBase serves the same purpose for

microRNAs and is particularly important when

post-transcriptional regulation is part of the

biological hypothesis. Expression Atlas

broadens the analysis by placing genes and

transcripts into a wider condition- and tissue-

based expression context, while FANTOM5

adds a regulatory dimension by incorporating

promoter and enhancer RNA expression.

BioGPS functions as a supportive expression

and annotation portal that helps researchers

obtain a broader overview of gene-expression

distribution. Together, these databases

deepen the transcriptomics phase by moving

from bulk abundance toward regulatory,

contextual, and cell-specific interpretation.

Once expression evidence has been

established, the data-mining workflow moves

to the protein level, where the question

becomes whether transcriptional

abnormalities are translated into functional

protein relevance. UniProt is usually the first

major resource at this stage because it

provides comprehensive protein sequence and

functional annotation, helping define the

biological properties of the encoded protein.

The Human Protein Atlas is particularly

important because it places protein

expression into tissue and cellular context,

which is highly relevant in cancer where

localization and tissue specificity matter.

ProteomicsDB adds quantitative human

proteome information, while neXtProt provides

high-quality human protein knowledge with

strong functional annotation. PaxDB

strengthens this phase by offering abundance

information across tissues and organisms,

thereby helping contextualize whether a

protein is generally abundant or unusually

represented in a cancer setting. These
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databases together determine whether the

transcript-level candidate is biologically

embodied as a protein signal and whether that

signal is credible within human tissue biology.

Protein-level data mining is then

strengthened by repositories and interaction

resources that connect candidates to

experimental and systems evidence. PRIDE

Archive is essential because it stores public

mass spectrometry-based proteomics data

and therefore allows reuse of experimental

datasets for protein confirmation. MassIVE

serves a similar large-scale repository role and

is valuable when broader proteomics

reanalysis is needed. PeptideAtlas is

especially useful at the peptide-evidence level

because it records identified peptides and

proteins from mass spectrometry

experiments. STRING becomes highly

important when the goal shifts from protein

presence to protein interaction, since it

provides protein–protein interaction networks

and functional associations that help

determine whether a candidate belongs to a

known oncogenic module. PDB adds

structural depth by supplying three-

dimensional protein data, which is critical

when the mechanistic relevance of a mutation

or protein change depends on structural

consequence. CORUM completes this step by

focusing on experimentally verified protein

complexes, allowing investigators to

determine whether a candidate protein should

be interpreted as part of a larger molecular

assembly. Together, these databases move

the workflow from individual protein evidence

toward functional network and complex-level

interpretation.

The final widening stage of cross-omics

evidence building concerns pathways and

metabolic consequence. KEGG is especially

important because it connects genes,

enzymes, metabolites, and biochemical

reactions into integrated pathway maps,

allowing molecular changes to be interpreted

in a systems framework. Reactome adds a

curated pathway perspective that includes

both metabolism and signaling, making it

useful when cancer-associated findings must

be integrated across broader biological

processes. HMDB contributes metabolite-

centered biological interpretation and helps

define the human relevance of specific

metabolic compounds. PubChem provides

detailed compound structures and chemical

properties, which strengthens metabolite

identification and annotation. PathWhiz is

particularly valuable for pathway visualization

and pathway construction, making it useful

when altered molecules need to be assembled

into biologically interpretable pathway models.

MetaboLights provides access to

experimental metabolomics studies and

therefore supports secondary analysis of

metabolic cancer datasets. SMPDB focuses

on small-molecule pathways in humans and is

especially useful when the investigator wants

disease-oriented metabolic interpretation. At

this final stage, data mining reaches its

broadest analytical scope: candidate

alterations are no longer interpreted only as

isolated molecular events, but as components

of coordinated biochemical and signaling

networks that shape tumor biology.

Taken as a whole, the data-mining

pathway from resource discovery to cross-

omics evidence follows a progressive logic of

increasing interpretive depth. Gene-centered

resources define the target, population

databases filter background variation, cancer-

specific genomic resources establish tumor

relevance, transcriptomic repositories test

functional expression, proteomic databases

confirm biological embodiment, and
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pathway/metabolomics databases reveal

systems-level consequence. The importance

of each database lies in its specific role within

this sequence. Strong in silico cancer research

is therefore not produced by consulting many

databases indiscriminately, but by using each

resource at the correct stage of evidence

building and integrating the outputs into a

coherent multi-omics interpretation. Figure 5

summarizes the stepwise workflow of in silico
cancer data mining using public databases.

Figure 5. Stepwise workflow for cancer data mining using public databases. The workflow begins with research-

question formulation and database discovery, followed by genomic, transcriptomic, proteomic, and

metabolomic analysis, and concludes with cross-omics integration and biological interpretation.

CONCLUSIONS
Public multi-omics databases have

become essential to in silico cancer research

because they enable a structured transition

from molecular data retrieval to biological and

translational interpretation. This review shows

that the real strength of computational

oncology lies in the combined use of

complementary resources across genomics,

transcriptomics, proteomics, metabolomics,

pathway analysis, interaction biology, and

clinical evidence. When used sequentially,

these databases support a coherent evidence-

building workflow for biomarker discovery,

mechanistic insight, and target prioritization. A

key conclusion is that database discovery

should be treated as a formal methodological

step, since different repositories serve distinct

analytical purposes. In addition, findings from

a single omics layer are rarely sufficient for

strong inference; more reliable conclusions

emerge when evidence is cross-validated

across multiple molecular levels and

interpreted within biological and clinical

context. Future studies should therefore report

database selection clearly, prioritize cross-

omics validation, and adopt reproducible

workflows that connect data retrieval,

analytical processing, and integrative

interpretation. Such an approach will

strengthen the rigor, biological relevance, and

translational value of in silico cancer research. 
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